The growing use of electric vehicles (EVs) may hinder their integration into the electricity system as well as their efficient operation due to the intrinsic stochasticity associated with their driving patterns. In this work, we assume a profitmaximizer EV-aggregator who participates in the day-ahead electricity market. The aggregator accounts for the technical aspects of each individual EV and the uncertainty in its driving patterns. We propose a hierarchical optimization approach to represent the decision-making of this aggregator. The upper level models the profit-maximizer aggregator's decisions on the EV-fleet operation, while a series of lower-level problems computes the worst-case EV availability profiles in terms of battery draining and energy exchange with the market. Then, this problem can be equivalently transformed into a mixedinteger linear single-level equivalent given the totally unimodular character of the constraint matrices of the lower-level problems and their convexity. Finally, we thoroughly analyze the benefits of the hierarchical model compared to the results from stochastic and deterministic models.
I. NOMENCLATURE
The main notation used throughout the text is stated below for quick reference. Symbols · and · denote expected and realized values, respectively. Other symbols are defined as required. 
A. Sets and Indices

II. INTRODUCTION
C URRENTLY, there is a trend towards decentralization due to an increased presence of distributed energy resources (DERs) in power systems. Some important benefits of DERs are: (i) reduced greenhouse gas emissions; (ii) increased power system flexibility; and (iii) increased reliability, resiliency and power quality [1] . Apart from solar and wind generating units, electric vehicles (EVs) are a novel example of DERs currently growing in electricity networks. For practical reasons, the operation of all EVs in a particular area is usually coordinated by an aggregator. The main task of such an aggregator consists of deciding purchases/sales of electricity to satisfy driving needs at the minimum cost while facing the uncertainty related to its EVs' driving patterns.
The technical literature includes a wide variety of decisionmaking models for EV-aggregators that account for uncertainty in driving patterns. A first group of references proposes stochastic optimization problems in which uncertain parameters are characterized by a finite set of plausible scenarios with known probabilities [2] - [6] . Within this category, Carrion et al. [2] address the uncertainty in the daily distance driven by each EV. Sarker et al. [3] and González Vayá et al. [4] deal with the uncertainty in the EVs' aggregated demand. A stochastic dynamic approach is devised in [5] , in which the uncertainty in a vehicle's driving habits is characterized by an inhomogeneous Markov model for a single EV. Finally, the authors of [6] propose a stochastic-based optimal charging strategy for an aggregator that incorporates incentive and regulatory policies, where a stochastic fuzzy-based model to create driving pattern scenarios is developed. While the strategies derived from these models perform well on average, significant losses may occur under adverse uncertainty realizations.
Alternatively, a second group of references [7] , [8] proposes robust models assuming known confidence bounds of uncertain parameters. Battistelli et al. [7] consider uncertainty in EV garages power profiles by using known intervals. Baringo and Sánchez Amaro [8] model the behavior of a fleet of EVs as a virtual battery and robust optimization is prescribed to account for the uncertainty in its power and energy limits. These references model uncertainty in an aggregated manner instead of considering the uncertainty corresponding to each EV separately. Therefore, the technical literature lacks, to the best of our knowledge, decision-making problems to obtain robust strategies of an EV-aggregator while modeling the uncertain driving patterns of individual EVs. This paper addresses the day-ahead operation problem of an EV-aggregator who participates in the day-ahead electricity market. This aggregator aims to maximize its profits while scheduling the charging and discharging of each EV in the fleet. We assume that the EVs are equipped with vehicle-togrid (V2G) capabilities so that they can operate in two modes, namely grid-to-vehicle (G2V) when extracting power from the grid, and V2G when injecting power into the grid. The aggregator must take into account the physical and technical limitations related to the distribution network (e.g. feeder capacity) and the EVs (e.g. battery degradation, which may hinder the operation of the EV-fleet). However, the source of complexity for this aggregator is to model the uncertain driving patterns of the EVs. Thus, we propose a hierarchical optimization approach that robustifies the operation of the EVfleet by using past information about the drivers' habits. The main contributions of our work are the following:
• We propose a novel hierarchical optimization approach for an EV-aggregator to decide the amount of energy to buy or sell in the day-ahead electricity market to cover the driving needs of the EVs in the fleet. • Since the availability for charging and discharging of the EVs is uncertain, we assume that the aggregator seeks to: i) reduce the risk of the battery of an EV being depleted while driving and ii) decrease the realtime energy deviations of the EV-fleet with respect to the day-ahead plan. For this purpose, our approach simultaneously immunizes the trading strategy of the aggregator against two scenarios for the availability of each EV that are worst-case in terms of battery draining and energy exchange with the market. • Despite the hierarchical structure of our optimization model, its peculiar characteristics make it remarkably efficient from a computational point of view. • We thoroughly compare our approach with deterministic and stochastic alternatives on a realistic case study. This paper builds upon our previous work [9] , which we have notably improved and extended. In particular, we consider here electric vehicles with V2G capabilities that, as such, constitute valuable assets for the aggregator to sell energy in the day-ahead market. Due to the inherent risk of battery depletion this action may entail, we rely on the use of two different lower levels to hedge against the EVs' uncertain availability, unlike in [9] . Besides, the results are enhanced by comparing them with those from a stochastic model, as well as by performing extensive sensitivity analyses to better illustrate the benefits of the proposed hierarchical model.
The rest of this paper is organized as follows. Section III describes three formulations for the decision-making problem of the EV aggregator: a deterministic approach, a stochastic one, and the proposed hierarchical model. Section IV outlines the procedure to transform the original hierarchical problem into a single-level equivalent mixed-integer linear problem (MILP), while Section V explains the methodology we use to benchmark our approach. Section VI discusses simulation results from a realistic case study. Finally, conclusions are duly drawn in Section VII.
III. PROBLEM FORMULATION
In this section, we present the proposed formulation for the day-ahead operation of an EV-aggregator. In Subsection III-A, we describe the formulation of the decision-making problem faced by the EV-aggregator in its deterministic form. Its stochastic counterpart is presented in Subsection III-B. The characterization of each EV uncertainty and the hierarchical approach is put forward in Subsection III-C. For the sake of unit consistency, we consider hourly periods.
A. Deterministic Formulation
The EV-aggregator aims to maximize its profits while both (i) scheduling the charging and discharging of each individual EV and (ii) satisfying physical limitations. Thus, the deterministic formulation can be expressed as:
subject to:
where the set of decision variables is
s v,t ) and parameters α v,t and τ v,t are expected values. The objective function (1a) minimizes the total operational cost of the aggregator and it comprises three terms: (a) costs due to the energy bought (i.e., p t > 0) and revenues due to the energy sold (i.e., p t < 0) in the day-ahead market, (b) battery degradation costs, and (c) penalty costs associated with the violation of the energy state-of-charge evolution. Constraints (1b) set the power balance of the aggregator at time period t. Expressions (1c) impose the feeder capacity limit at time period t. Constraints (1d) model the state-of-charge evolution of the EV v between consecutive time periods. If α v,t = 0, then the energy of the battery does not increase. Besides, we introduce slack variables s v,t to model those EVs that cannot comply with their energy demand. Constraints (1e) and (1f) impose the maximum rate of power charging and discharging of EV v at time period t, in that order. The maximum and minimum bounds on the energy state-of-charge of the EV v at time period t are set in (1g). Constraints (1h) enforce the terminal condition of the energy state-ofcharge. Constraints (1i) represent the degradation cost for each charging/discharging cycle of the battery of EV v at time period t, where the battery cost C E v represents the purchase cost of the battery divided by its useful capacity. Further information on how to estimate this cost can be found in [10] . Expressions (1j) define the non-negative character of the decision variables.
In the deterministic model (1), the availability of the EV v at time period t, i.e., α v,t , is an expected value of a 0/1 random variable (being 0 unavailable and 1 available) and, as such, this expectation can take any value between 0 and 1. However, as is customary in everyday life, the availability of an EV is unknown in those periods when the arrival or departure time is uncertain.
B. Stochastic Formulation
Conversely to the deterministic formulation, this approach characterizes the uncertainty on electric vehicles' availability and consumption through a set of scenarios with given probabilities. Electricity prices are assumed known and equal to their expected values. The stochastic version of the aggregator decision-making model is then formulated as:
subject to: 
wherein Ω is the set of scenarios, indexed by ω and π ω is the probability of occurrence of each scenario. The set of decision variables is
The objective function minimizes now the average total cost over all scenarios. Importantly, the availability and consumption of each EV, that is, α v,t,ω and τ v,t,ω , depend on the scenario realization. In this line, equations (2d) define the feasible set Φ(·) represented by constraints (1d)-(1j) in terms of the realized values of α v,t and τ v,t under scenario ω. This approach has two main drawbacks. First, it provides day-ahead strategies that are optimal on average and therefore, low outcomes may occur under advese realizations of the uncertainty. Second, the high number of variables and constraints may render this problem computationally expensive.
C. Hierarchical Formulation
As previously mentioned, the time periods when the EVs are available are uncertain in nature. Alternatively to the use of scenarios, we propose to characterize such uncertainty using the parameter set
, which can be estimated from the corresponding historical availability profiles. By using Fig. 1 , in which we show three historical profiles for an EV, we briefly explain next the meaning and computation of each of the parameters in the set φ v .
The parameter K v is set to the floor integer of the average of the total number of time periods that the EV has been available for each historical availability profile. In Fig. 1 , we can observe that the EV has been available 10, 15, and 13 periods in profiles 1, 2, and 3, respectively, so K v = 12.
In Fig. 1 , there are some periods when the EV is always available and/or unavailable for all historical records. For those periods in which the EV is always available, we can set α v,t = α v,t = 1. Similarly, for those periods in which the EV is always unavailable, we can set α v,t = α v,t = 0. In the remaining periods, we set α v,t = 0 and α v,t = 1, thus resulting in the range of time periods in which the availability is unknown. Note that, in Fig. 1 , the time periods when the availability is known are indicated with a grey fill. Therefore, this EV can be characterized as a highly predictable EV. We describe next the proposed approach, which is built upon the deterministic formulation (1). This approach explicitly accounts for the fact that the availability of each EV and, consequently, the energy it requires for transportation are both uncertain and characterized by the parameter set φ v . To do so, the expected values τ v,t and α v,t are replaced by decision variables τ v,t and α v,t in the proposed formulation. The hierarchical optimization model we proposed is depicted in Fig. 2 . The upper level models the profit-maximizer aggregator's decisions on the EV-fleet operation. The individual charging and discharging plan of the EVs, i.e. c v,t and d v,t , are passed on to a series of lower-level problems (one per EV) to compute the EVs availability profiles that are worstcase in terms of battery draining and energy exchange with the market. The outcome of the lower-level problems is the availability profile α v,t and the corresponding total net energy injections into the EV-battery ψ wc v that results in a robustified operation of the EVs. Both α v,t and ψ wc v are fed back into the upper-level problem. This approach takes inspiration from the robust contingency-constrained unit commitment proposed in [11] and is formulated as the following single-leader-multifollower problem:
The set of decision variables is
. Unlike in the deterministic formulation, both τ v,t and α v,t become now decision variables. The objective function (3a) and constraints (3b) are identical to (1a)-(1c). Expressions (3c) define the feasible set Φ(·) represented by constraints (1d)-(1j) in terms of the decision variables α v,t and τ v,t . Constraints (3d) impose that the energy required for transportation throughout the optimization horizon must be equal to the expected daily value demand of EV v. The EV energy demand per period, i.e. τ v,t , is now assumed to be unknown for the EV v since it depends on the EV availability, which becomes a decision variable in the proposed formulation. Constraints (3e) enforce that the expected daily value demand must be distributed among the time periods in which the EV is in a motion status (i.e. α v,t = 0). To do that, we introduce parameter θ v imposing the maximum energy consumption for EV v in one hour. Constraints (3f) define the non-negative character of the decision variables τ v,t . Constraints (3g) set that the worst case of the total net energy injections into the EV-battery, corresponding to the worst case of availability, must be greater than or equal to the expected daily value of the energy required for transportation.
As expressed in (3h)-(3i), variables ψ wc v and α v,t are the outcome of two lower-level optimization problems characterizing the availability of the EV v, which depend on the upperlevel variables c v,t and d v,t given by the aggregator. The set Λ v in (3h) includes the availability profiles of the EV v that most severely jeopardize the fulfilling of its expected daily energy demand. The set Υ v in (3i) comprises, in contrast, those availability profiles that most reduce the interaction of the EV-fleet with the market, thus diminishing the opportunities for making profit. Importantly, the aggregator can plan for a charge greater than the expected daily value of the energy demand per EV. This can be deemed a preventive measure to protect the operation of its EV-fleet against the worse-case availability profiles, thus resulting in a robustified operation of the EV-fleet. Next, we describe the mathematical characterization of the sets Λ v and Υ v for each EV v.
1) Lower-level Problems Determining the Sets Λ v : As mentioned above, the set Λ v consists of all those availability profiles that are worst-case for the fulfilling of its expected daily energy demand. In other words, these availability profiles are those for which the net energy injection into the EVbattery throughout the optimization horizon is taken to its minimum value. Given the uncertainty set that characterizes the availability profile of the EV in question, these worst-case availability profiles can be computed as the solution to the optimization problem (4) for each EV v.
where α ′ v,t are the decision variables. Dual variables for the relaxed linear version of (4) are shown in parentheses after The objective function (4a) aims to minimize the energy which enters into the EV-battery over the day. Constraint (4b) sets the minimum number of time periods (K v ) that the EV v must be available throughout the time horizon. Expressions (4c) set the minimum and maximum availability status and serve us to easily enforce the availability or unavailability of the EV v in time period t by imposing α v,t = α v,t = 1 or α v,t = α v,t = 0, respectively. Constraints (4d) set the binary character of variables α ′ v,t . Naturally, the parameter set
α v,t ) should be estimated a priori from historical data, as discussed above.
Problem (4) essentially aims to drain the battery of the EV as much as possible. Note that, variables c v,t and d v,t cannot take simultaneously non-zero values for the EV v at time period t. Then, the availability is pushed to be 0 when the coefficient of the objective function (4a), i.e. η v c v,t − 1 ηv d v,t , is positive, and 1 when it is negative. However, the worst case of availability profiles that problem (4) determines for each EV, does not deter the aggregator from planning large charging-discharging cycles of the EV-batteries in order to perform market arbitrage, as illustrated in Fig. 3 .
The upper plot of Fig. 3 shows the charging/discharging plan for an EV with highly predictable patterns, as given by the hierarchical model (3a)-(3h) once transformed into an MILP according to the methodology outlined in [9] . The lower plot depicts the availability profile that leads to the maximum draining of the EV-battery. Such profile does not keep the aggregator from implementing an aggressive market strategy essentially based on arbitrage, which may potentially result in an unacceptably risky operation of the EV-fleet. In order to obtain more conservative strategies, the considered availability profile is obtained instead through set Υ v .
2) Lower-level Problems Determining the Sets Υ v : The lower levels presented in the previous subsection do not prevent the aggregator from planning the discharge of an EV (in the hope of benefiting from market arbitrage) in time periods where the availability of that EV is uncertain. To cope with this issue, we force the scheduling plan of the aggregator to be also robust against a second type of worst-case availability profiles, namely those whereby the interaction of the EV with the grid, and thus, with the market is minimized. Consequently, the consideration of these availability profiles encourages the aggregator to play a less aggressive but safer market strategy. The set Υ v for each EV v is mathematically given by the following optimization problem:
where α v,t are the decision variables and dual variables for the relaxed linear version of problem (5) are shown in parentheses after a colon next to the corresponding constraint. Problem (5) is structurally almost identical to optimization problem (4), except for the objective function, which, in this case, minimizes the interaction of the EV with the market. In other words, problem (5) determines the availability profile that minimizes the planned exchange of power between the EV and the main power grid through the feeder. Note that lower level (5) intends to push the availability statuses of the EV to be zero when the aggregator schedules either charging or discharging, while also satisfying the expected energy required for transportation (3g).
To better illustrate the impact of problem (5), Fig. 4 represents the solution of the EV used to obtain the results given in Fig. 3 . To do that, we solve the hierarchical model (3), i.e. with both lower levels (4) and (5) , once transformed into an MILP according to the methodology described in Section IV. As can be seen, the aggregator schedules a charging and a discharging plan for the EV in the time periods when the availability is known, i.e. periods 1-3, 22-24. The aggregator also obtains profits, but they are lower than when using only the lower level (4) for the EV in question. Therefore, the use of both lower-level problems leads to a more conservative decision than when using just the lower level (4).
IV. METHODOLOGY
The hierarchical problem (3) can be transformed into a mixed-integer linear single-level equivalent as follows:
1) Lower-level problems (4) and (5) are non-convex because variables α ′ v,t and α v,t are binary. In order to circumvent such a caveat, we can relax the binary character of those variables since both lower levels are characterized by two conditions: (i) their corresponding constraint matrices are totally unimodular (TU), as we show below, and (ii) the parameters K v , α v,t , and α v,t characterizing the EVs are integer. Thus, under these conditions, we can guarantee that there exists an optimal solution to the relaxed lower-level problems for which the variables α ′ v,t and α v,t take integer values. Therefore, the lower levels can be treated as linear optimization problems.
2) Under the assumption of convexity of the lower-level problems (4) and (5), results from duality theory of linear programming [12] can be applied to transform the original hierarchical program into a non-linear singlelevel equivalent as follows: a) ψ wc v can be replaced by the dual objective function of the lower-level optimization problem (4a)-(4c) for each EV v. b) The lower level (4) can be then replaced by the dual feasibility constraints associated with (4a)-(4c). c) The lower level (5) can be replaced by its primal and dual feasibility constraints as well as the equality corresponding to the strong duality theorem. 3) In order to avoid multiplicity of solutions because of the continuous character of variables α v,t , we enforce back its binary character in the single-level equivalent. 4) The resulting non-linear products between continuous and binary variables (i.e., c v,t α v,t and d v,t α v,t ) can be easily linearized by using results from integer algebra [13] , given that variables c v,t and d v,t are naturally bounded. The resulting single-level equivalent MILP can be found in [14] . As previously mentioned, the lower-level problems (4) and (5) differ from each other only in their objective function. They share, therefore, the same constraint matrix. There are several ways to prove that this matrix is TU. If we first resort to Proposition 2.3 in [15] , Chapter III.1, the proof boils down to showing that the matrix formed by all the rows of the constraint matrix of the lower-level problems except for those corresponding to bounds on the α-variables is TU. This matrix turns out to be the one-row matrix (1, 1, . . . , 1) , whose total unimodularity trivially follows from the fact that (1, 1, . . . , 1) is a (0, 1, −1)-matrix with only one single nonzero entry in each column (see Proposition 2.6 in [15] , Chapter III.1).
V. COMPARISON METHODOLOGIES
The results from the proposed hierarchical formulation, which is hereinafter referred to as HF, are compared against two benchmarks: (i) Deterministic Formulation (see Subsection III-A) and (ii) Stochastic Formulation (see Subsection III-B). These methods are denoted as DF and SF, respectively.
To fairly compare the performance of these methods, we solve a feasibility problem by assuming that the uncertainty is realized and the aggregator must at least sell the energy agreed in the day-ahead market (hereinafter denoted as the minimum value of the energy sold) and consume, at most, the energy purchased in such a market. In this setup, we can minimize the magnitude of the deviations from the energy balance of EV-batteries to satisfy their energy demand and the deviations caused by unfulfilling the minimum value of the energy sold, as given by expression (6a). Thus, this feasibility problem can be formulated as:
where the set of decision variables
s v,t , p − t ) and I{p t < 0} is the indicator operator, being 1 if p t < 0, and 0 otherwise. Constants C p 1 and C p 2 are penalty parameters.
Constraints (6b) set the maximum charging of the EVfleet as the power bought in the day-ahead market and its minimum discharging as the power sold in the day-ahead market. Constraints (6c) define the feasibility set Φ(·), given by constraints (1d)-(1j), in terms of the realizations of the availability and consumption, i.e. α v,t and τ v,t . Note that there is no need to take the battery degradation costs into account in this feasibility problem. Finally, expressions (6d) impose the non-negativity character of variables p − t . In this feasibility problem, slack variables s v,t are the violations of the energy required for transportation of the EV v at time period t. In addition, slack variables p − t represent the violation of the power sold at time period t. Since the main purpose of the aggregator is to satisfy the EVs' energy demand for transportation, we assume, for the sake of comparison, that the penalty parameter C p 1 >> C p 2 .
VI. CASE STUDY
We analyze here the benefits of the proposed approach through simulation results. In Subsection VI-A, the data for a real-life case study are presented. In Subsection VI-B, we analyze the results for a base case. Next, we provide a sensitivity analysis of the robustness of our model to the parameter K v in Subsection VI-C. Finally, we show the behavior of our model when the feeder capacity is limited in Subsection VI-D.
A. Data
We assume an aggregator with a fleet of 100 EVs. For the sake of simplicity, the technical parameters of each EV are identical: The maximum charging and discharging power is 7.4 kW; the round trip efficiency is 0.95; the minimum and maximum energy capacity of the EV batteries are 10 and 51.1 kWh, respectively; the energy rating per kilometer is 0.137 kWh/km; the battery cost is 70 e/kWh; the slope of the linear approximation of the battery life is -0.015625; and the maximum energy consumption per time period is 41.1 kWh. Due to the lack of real-life data on the parameters associated with the driving patterns, we synthetically derive the availability profiles and energy required for transportation of EVs with the data collected by the National Household Travel Survey [16] , as described in [9] . The electricity prices are provided by the ENTSO-e Transparency Platform [17] for the year 2018 in Spain. In addition, we consider that the penalty costs C p 1 and C p 2 are set to 2000 and 1000 e/kWh, respectively. The capacity of the feeder is assumed unlimited, i.e. P G = 8000 kW, unless stated otherwise. Finally, daily simulations with hourly time steps have been run for four months spanning from February 1 st till May 31 st .
Let us assume that the optimal market strategy is being determined for February 1 st (Thursday). The electricity prices considered for all models are the average of the prices of the four previous days. The different models use the historical availability and consumption data as follows: -The deterministic model is solved using the average availability and consumption of the previous four Thursdays. -The stochastic model is solved using four equiprobable scenarios containing the availability and consumption for each of the previous four Thursdays. -The set φ v required by the proposed hierarchical model is computed using the observed availability for the previous four Thursdays. The consumption of each EV is set to the average value for such days.
The simulations have been run on a Linux-based server with one CPU clocking at 2.6 GHz and 2 GB of RAM using CPLEX 12.6.3 [18] under Pyomo 5.2 [19] . Table I summarizes the results from the proposed approach HF and the benchmarks DF, and SF. We can find the following metrics for the whole optimization horizon: The total dayahead cost T C DA , the day-ahead purchase cost C DA , the day-ahead battery degradation cost D DA , the day-ahead sale revenue R DA , the total energy bought and sold, i.e. E B and E S , and deviations from both the energy balance s F P and the sale energy cleared in the day-ahead market E − F P . The latter metrics are obtained from the feasibility problem described in Section V.
B. Results for the Base Case
The total cost of the optimal day-ahead operation attained by the proposed approach HF amounts to 2888.4 e. Such strategy leads to 4.0 MWh of energy deviations s F P for the EV-batteries, whereas the deviations E − F P from the minimum value of the energy sold are equal to 0.4 MWh. The deterministic and stochastic methods (DF and SF) achieve 21.0% and 6.2% reduction in total day-ahead cost, in that order, compared to the proposed HF, as these models are less conservative than HF. However, the total day-ahead costs attained by DF and SF are reduced at expense of (i) increasing the energy deviations from EV-batteries by 157.5% and 17.5%, respectively; and (ii) substantially increasing the deviations from the minimum value of the energy sold from 0.4 MWh for the HF to 13.4 and 1.2 MWh for the DF and SF approaches, respectively. The high energy deviations attained by the deterministic method DF compared to HF are expected since DF is unable to capture the uncertainty in driving patterns, as opposed to SF and HF. Finally, when it comes to the degradation costs of the EVbatteries, DF and SF are more costly than the hierarchical model HF, since both DF and SF lead to more aggressive market strategies in terms of arbitrage compared to HF. As a consequence, both DF and SF buy more energy than the HF, i.e. the EVs are scheduled to charge more power, and thus the day-ahead purchase cost increases. In addition, the aggregator sells more energy when using both DF and SF (the EVs are scheduled to discharge more power) than the HF, and thus leading to greater sale revenues. As a result, the degradation costs attained by DF and SF increase due to an increase in the number of charging/discharging cycles in the EV-batteries.
The daily average computational time for this base case with 100 EVs is 11.6s, 12.3s and 2.7s for HF, SF, and DF, in that order. If we increase the number of EVs to 1000, the computational time rises to 90.5s, 121.7s and 27.8s, respectively. The computational burden of DF is low compared to HF and SF because DF ignores the uncertainty in the driving patterns. Besides, HF is substantially faster than SF when increasing the EV-fleet size due to the complexity of the scenario-based modeling by SF.
C. Impact of the Parameter K v
The parameter K v sets the minimum time periods that the EV v is estimated to be available. This way, the uncertainty about the availability of that EV is considered higher as K v decreases. In order to assess the impact of K v , we have run two extra cases in which the value of K v is increased/decreased by five hours whenever feasible. Let us denote them as K v − 5 and K v + 5, respectively. Table II summarizes the results for those cases along with the base case. When decreasing the value of K v up to 5 periods, the energy deviations s F P are reduced by 22.5% with respect to the base case. This happens because the aggregator buys more energy, i.e. the purchase costs increase by 11.9%, and sells less energy, i.e. the sale revenues decrease by 3.0%, to hedge against the uncertain availability. As a consequence, the deviations E − F P from the minimum value of power sold are equal to 0.0 MWh. As expected, this strategy leads to a more robustified solution for the aggregator. Conversely, when the EV has more time periods to be available, the aggregator behaves as a risk-taker with the goal of maximizing profits. Consequently, the energy deviations s F P increase by 20.0% and E − F P by 75% from the base case.
D. Impact of the Feeder Capacity
In this section, we analyze the impact of the feeder capacity P G on the EV-fleet operation. To emphasize such an impact, we assume a fleet of 1000 EVs and reduce P G by 25%, 50% and 75%, whose results are shown in Table III . First, E − F P is equal to 0 for all cases, i.e. there are only deviations from the energy balance of the vehicles' batteries regardless of P G . As can be seen, the total day-ahead cost increases by 12.5, 13.2, and 17.5% as reducing the feeder capacity by 25, 50, and 75%, respectively, compared to the unlimited case. Restricting the feeder capacity makes the aggregator to perform a less aggressive arbitrage strategy, i.e., the vehicles' charging power is more and more limited, thus leading to a decrease in its discharging power. This can be translated into lower sale revenues compared to the unlimited case. Besides, the energy deviations from EV-batteries slightly decrease up to 9.1% for the most restrictive case. This reduction stems from the fact that the energy bought in the day-ahead market is redistributed into a greater number of periods when lowering the value of P G .
VII. CONCLUSION
This paper presents a computationally efficient robust optimization approach to model the profit-maximizer aggregator's decisions on the EV-fleet operation. A hierarchical program is used to represent the aggregator's operational model in the upper level, whereas a series of lower-level problems computes the vehicles' availability profiles that are worst case in terms of battery draining and energy exchange with the market. The original program is then reformulated as a mixed-integer linear model thanks to the unimodularity of the system matrices and results from duality theory. From the numerical results, we can conclude that the proposed model leads to a robustified and notably safer operation of the electric vehicles in terms of deviations from the energy balance of their batteries, naturally at the expense of increasing the total trading costs in the dayahead market compared to stochastic and deterministic models.
